This paper presents a global solution method to DSGE models, which does not depend on a grid and hence does not suffer from the curse of dimensionality. The method enables to approximate the Taylor series of the policy function at any arbitrary point of the state space. Once the Taylor series is approximated at a given point, the constant term of the series provides the model solution at that point. Since the solution is not based on a grid, the computational costs are significantly lower compared to grid-based methods, because the model is solved only at points of interests (e.g. along a simulation path). Accuracy is high, compared to other methods, and it improves significantly by discretizing time into short periods.
Introduction
Methods for solving Dynamic Stochastic General Equilibrium (DSGE) models can be classified into two broad groups. 1 The first group includes perturbation around a deterministic steady state, which is a local solution method. Perturbation solutions are easily implemented. They tend to be very accurate around the deterministic steady state in models with low volatility. However, their accuracy can deteriorate significantly away from the deterministic steady state. This paper presents a global solution method that does not depend on a grid and hence does not suffer from the curse of dimensionality. The method is called "Taylor projection", because it uses projection techniques to approximate the Taylor series of the policy function at any arbitrary point of the state space. The approximation exploits local information on the Taylor series that comes from the model equations and the derivative conditions, evaluated at several points within a small neighbourhood. The number of points necessary for approximation is very small (few points only), and in some cases a single point is sufficient to get accurate results.
In contrast to perturbation methods that provide the Taylor series at the deterministic steady state, the proposed method enables to approximate the Taylor series at any arbitrary point of the state space. In this regard, "Taylor projection" is a global solution method, because its accuracy does not depend on a specific point of the state space. The application of the method is fundamentally different from perturbation. Specifically, to approximate the policy function g (x) at state x 0 , we approximate the Taylor series of g about x 0 . The constant term of this series provides the approximated value of g (x 0 ). When we want to approximate g at a new state x 1 , we do not use the Taylor series about x 0 , but rather approximate a new Taylor series centered at x 1 . The new constant term is the approximated value of g (x 1 ).
Hence, the coefficient of interest is the constant term of the Taylor series, whereas the other coefficients are auxiliary parameters.
Since Taylor projection does not require a grid, the curse of dimensionality does not apply. The solution at any given point of the state space is independent of other points. As a result, the policy function can be approximated at points of interests, rather than on an entire grid. For instance, to perform a simulation it is sufficient to solve the model along the simulation path. This property reduces computational costs to levels that are closer to perturbation than to grid-based methods. For instance, a standard Neo-Classical model is solved at one point of the state space in 0.1-0.8 seconds (depending on specification). Simulating the model for 10 periods would take about 1-8 seconds.
In terms of computational complexity, the algorithm requires to solve a nonlinear problem. However, a good initial guess is always available (provided that the model has a deterministic steady state), so the solution is obtained in few iterations only.
Thus, the implementation of the method is straightforward and does not require sophisticated solution techniques.
The accuracy of Taylor projection is tested on the Neo-Classical model of Aruoba, The theory of Taylor projection builds on the special structure of the functional equations that emerge in DSGE models. The implicit functions in these equations are evaluated at multiple points. These points usually lie in a small neighbourhood. If the implicit functions are analytic, they can be replaced with Taylor series that converge in this neighbourhood. This observation stands at the core of Taylor projection and yields all the results of the paper. The theory and the conditions for its application are presented in chapter 2. Since the method is new, it is first presented on a simple functional equation, and only later, in chapter 3, applied to a full DSGE model.
Chapter 4 implements the method on a Neo-Classical growth model, and compares it to other solution methods. Chapter 5 shows that accuracy depends on the way time is discretized. Chapter 6 discusses computational costs, and chapter 7 concludes.
Taylor Projection
This chapter lays down the principles of the Taylor projection method. The first section discusses the type of functional equations that can be solved by this method.
The second section develops the theory and discusses the condition for its application.
The third section provides the solution algorithm and the fourth section implements the algorithm on a simple example. For exposition clarity, the chapter focuses on univariate implicit functions. The multivariate case is delayed to the next chapter which applies the method to a full DSGE model.
The functional equation
DSGE models generate functional equations with a special structure, which is exploited by the proposed method. To demonstrate this structure, it is easier to start with a simple example. Consider first a standard functional equation such as:
This equation defines the function g (x). Now, compare (1) with the following functional equation:
The solution of these two examples is g (x) = √ x, but there is an important difference. In example (1), the function g is evaluated at a unique point x. By contrast, in example (2) the function g is evaluated at two points: x and 0.5x. These points will be called "the defining points of g", because g is defined by these two points. The collection of all defining points will be called "the defining set of g" and denoted D.
By this terminology, the difference between examples (1) and (2) is that in example (1) there is only one defining point whereas in (2) there are two defining points.
This difference is important, because (1) can be easily solved for a given x but (2)
cannot. As shown below, DSGE models generate functional equations with multiple defining points.
To generalize (2), let
where u k : R → R ∀k, and let f : R k+1 → R denote a known function with k + 1 arguments. All functions are infinitely differentiable with respect to all their arguments. A functional equation in the unknown function g : R → R with multiple defining points is defined by:
where v (x) is a vector of size k + 1 that contains the arguments of f (which are functions of x). In this functional equation the implicit function g is evaluated at
. Hence, the defining set of g is:
The notation D (x) denotes that the defining set may depend on x, as in the above examples.
Lucas (1978) asset pricing model is an example of (3). Under logarithmic utility, the Euler condition is:
, where x t and p t denote dividends and the asset price ex dividends in period t, β is the time discount factor, and E t is the expectation operator. The state variable is x t which is determined exogenously. Suppose that x t follows an AR process:
The solution to the model is the function p t = g (x t ), where g satisfies:
.
In this functional equation the implicit function g is evaluated at x t and at ρx t + ǫ t+1
for all values of ǫ t+1 with nonzero probability. Hence, Lucas (1978) is a functional equation with multiple defining points as defined by (3).
The defining set (4) contains known functions of x. This is not a necessary condition. A defining point can be also an implicit function of x, as in the following example:
The solution is again g (x) = √ x. Here, g (x) is a defining point because in the first term on the LHS g is evaluated at g (x). This type of functional equations appears frequently in DSGE models. For instance, in a deterministic growth model with capital k, fixed labour supply, logarithmic utility and full depreciation (e.g. Brock and Mirman 1972), consumption is equal to f (k t ) − k t+1 and the Euler condition is:
where f and f k are the production function and the marginal product of capital. The solution of the model is the function k t+1 = g (k t ), where g is an implicit function that satisfies the Euler condition:
The term g (g (k t )) on the RHS implies that g is evaluated at point g (k t ). Hence, the implicit function g (k t ) is itself a defining point. For exposition clarity, this chapter assumes that all the defining points are known functions of x, but none of the results depend on this assumption. The application of the method to a full DSGE model is addressed in the next chapter.
Convergence assumption
Consider the functional equation (3) with the defining set (4) and the solution g (x). Let G 0 , G 1 , . . . be the coefficients of the infinite Taylor series of g about c.
Assume that g is analytic at c, so the Taylor series of g about c converges to g in the neighbourhood of c. The following is an assumption on x and c:
Assumption. (Convergence) Given x and c, the defining set of g, given in (4), lies within the radius of convergence of the Taylor series of g about c. Formally:
When this assumption holds (given x and c), the neighbourhood of convergence of the Taylor series about c contains the defining set D (x). Namely, for each point in D (x) the function g is equal to its Taylor series about c.
Substituting (5) in (3) yields:
Note that the implicit function g (x) is replaced with a parameterized function, whose parameters are the Taylor coefficients. If (5) holds in the neighbourhood of x, then the Taylor coefficients can be approximated by projection methods, because (6)- (7) hold in the neighbourhood of x. Since the Taylor series converges, a finite series can be estimated with a finite sample of points near x (see the next section). This result is the basis of the Taylor projection method.
The convergence assumption is crucial. It requires two conditions. First, that the function g is analytic at c. Second, that the Taylor series of g about c converges for all the defining points (given x). The analyticity requirement usually holds in economic applications, because functions are in many cases smooth. The second condition requires that the implicit function is evaluated at points that are sufficiently close to one another. The economic interpretation of this requirement for dynamic models is that the state variables in period t + 1 are sufficiently close to their period t values. Namely, the model evolves slowly and gradually. This assumption is likely to hold in many economic applications, because economic dynamics tend to be gradual.
Moreover, it is shown in chapter 5 that this property can be controlled by proper calibration. The convergence assumption may fail to hold if the model generates big jumps in the state variables.
Additional information on the Taylor coefficients can be obtained by differentiating (6) with respect to x an infinite number of times:
Given x and c, this is a system of an infinite number of equations in the unknown
. .. The solution to this system is the true Taylor coefficients. One particular example of (8) is known as "Taylor approximation" (Judd 1998, p. 196 ).
Taylor approximation applies to functional equations of the form:
where the defining set contains only one defining point. For this case, evaluating System (8) 
Approximating the Taylor Series
The algorithm for approximating the solution to (8) is built on projection ideas, hence the name "Taylor projection". To approximate a Taylor series about c 0 , the convergence assumption (5) must hold in the neighbourhood of some x = x 0 . Under this assumption, system (8) also holds in the neighbourhood of x 0 . Evaluating the system at x 0 and reducing it to the first N + 1 conditions gives:
Express the infinite Taylor series of g (x) about c 0 as the sum of an N'th order finite series and an error term:
As shown in detail in chapter 3, system (10) contains the error function ζ (x) and its N'th derivatives evaluated at each point of the defining set:
. . .
where ζ z (z), ζ zz (z) and ζ z N (z) denote the first, second and N'th derivatives of ζ (z) with respect to z, and D (x 0 ) is the defining set at x = x 0 .
Note that the Taylor error ζ (z) and all its derivatives are power series. It follows from (5) and (11) that ζ z (z) , . . . , ζ z N (z) are finite for all z ∈ D (x 0 ). 4 Hence, for some M ≥ 0 we can approximate (12) by finite power series:
These assumptions reduce the number of unknown Taylor coefficients in (10) from infinite to N + M + 1. The number of equations is N + 1 so the system is under identified for M ≥ 1. To identify the Taylor coefficients we need at least M more conditions. Since (5) holds in the neighbourhood of x 0 , the additional conditions are generated by evaluating (10) at other points near x 0 .
To present the algorithm, let {x 1 , . . . x I } denote a set of points close to x 0 (including x 0 ) and let R i denote a column vector of the residuals of (10) evaluated at
contradicting (5).
Under (13), the true Taylor coefficients satisfy:
The approximated Taylor coefficients (denoted by * ) are obtained by minimizing the squared residuals:
The asymptotic properties of (15) are derived from the asymptotic properties of the system errors, which are implicit in (13) . These errors are defined by the difference between the infinite series (12) and the finite series (13) . Let η k denote the k'th order system error. Specifically, η 0 is the difference between the true ζ (z) and the finite series approximation in (13) . Similarly, η 1 is the error of ζ z (z) and η N is the error of ζ z N . The complete system errors are:
where g n = n!G n is the n'th derivative of g at c 0 . It follows that the approximated coefficients converge to the true Taylor coefficients as M increases:
The solution to the least squares problem (15) converges to the true Taylor coefficients as M goes to infinity.
Proof. Define I = M +a where a is a positive integer, so that (15) is overidentified for each M, and replace the target function in (15) with
As M goes to infinity (holding N constant), the system error η k goes to zero for each z in the convergence domain of g and for each k ∈ {0, 1, . . . , N}. Hence, the residuals R i evaluated at the true Taylor coefficients go to zero for each point in the convergence domain, including the sample x i = {x 1 , . . . , x I }. At the limit, the true Taylor coefficients satisfy R i = 0 at each point in the convergence domain, so the minimum of Note that the center of the Taylor series can be different from x 0 , though in general choosing c = x is computationally easier.
In order to generate the first initial guess, the easiest way is to start at a point where the defining set contains a single defining point. At this point we can calculate the true Taylor series recursively by Taylor approximation. For instance, in a deterministic Neo-Classical growth model, the steady state is a point with a single defining point, and the true Taylor series can be easily calculated. The stochastic case requires some adjustment, which is explained in chapter 3. In general, a good initial guess is available for any model that has a deterministic steady state. Hence, the solution of the least squares problem is obtained with only few iterations.
The following algorithm summarizes the Taylor projection method:
Algorithm. (Taylor Projection) To approximate the Taylor series of g (x), pick x 0 , c 0 , N and M such that (13) holds in the neighbourhood of x 0 . Evaluate (14) at multiple points around x 0 to get an overidentified system, and choose G 0 , G 1 , . . . , G N +M that solve (15) .
As in general projection methods (Judd 1992) , Taylor projection uses a basis function to approximate an unknown function. The difference from general projection is that we know the basis function because our target function is a Taylor series. To approximate the coefficients we use local information that comes from the functional equation and the derivative conditions, evaluated in a small neighbourhood around x 0 . The main difference from standard projection is that the number of points required to identify the system is very small, because we are interested only in the local behaviour of the function. If M = 0 is a reasonable assumption the system is exactly identified at one point.
A simple example
This section presents a simple example that demonstrates the implementation of the Taylor projection method. The functional equation to be solved here is:
The defining set is D (x) = {x, 1.5x}, and the solution is the function g (x) = x 0.25 .
Suppose we are interested in approximating the Taylor series of the solution about 
In the second step we construct a Taylor series of order N + M = 2 which approximates g (x). For consistency with the notation of the previous sections, the Taylor series is presented as a sum of an N'th order Taylor series and an M'th order error term:
The derivative of the Taylor series is:
The third step is to substitute (19) and (20) in (17) and (18):
This system has two conditions and three unknowns: G 0 , G 1 , G 2 . In order to solve it, we need to evaluate the system at several points and find the coefficients that minimize the squared residuals. This particular problem is easy because the system is linear in the coefficients. Table 1 
The model
The state variables are denoted by vector x t =
x . The evolution of x 2 t is:
where Φ is a known function and ǫ t+1 is a vector of n ǫ independent shocks. The model is defined by a set of n f = n y + n 1 x expectational conditions:
Note that (23) is not included in (24), which is different from the formulation of
Schmitt-Grohé and Uribe (2004).
The solution to the model is the policy functions g andh, which provide the optimal response of y t and x 1 t+1 , given the state of the economy:
Let the function h (x t , ǫ t+1 ) denote the evolution of all the state variables (x
With this notation, it should be clear that only the first n 
Note that the function g is evaluated at x and x p , so the defining set of g contains multiple points. x p is given by the implicit function h (x, ǫ p ), hence the defining set contains implicit functions. Note that in a stochastic model the defining set contains h (x, ǫ p ) for each ǫ p with nonzero probability.
To distinguish between the value of g at x and at x p , I use superscript p in the following way:
Similarly, the derivative of g with respect to x, evaluated at x and x p , are denoted:
Higher derivatives are denoted in a similar way.
The system of conditions
The first step of the Taylor projection is to from the system of conditions (10). This is done by differentiating (27) N times with respect to x and letting the derivatives be equal to zero:
Each of these N + 1 conditions is a tensor with different dimensions. f is an n f × 1 vector, ∂f ∂x denotes an n f × n x matrix of the first derivatives of f with respect to x, ∂ 2 f ∂x 2 denotes an n f × n x × n x tensor of the second derivatives, where the i, j, k element of this tensor is the derivative of the i'th row of f with respect to the j'th row of x and the k'th row of x.
Since f (v (x)) is a composition of the functions f and v, (34) is obtained by the chain rule. In this paper I focus on N ≤ 2. For N = 2 system (34) looks as follow, where the tensor notation follows Schmitt-Grohé and Uribe (2004) 5 :
To get v x and v xx , differentiate (28) twice with respect to x:
v x is a n v × n x matrix and v xx is a n v × n x × n x tensor. To save space, it is presented here as a vertical concatenation of four tensors (in an equivalent way to matrix 5 Summation indices are denoted by Greek letters.
concatenation). Note that the first n y rows of v x and v xx are obtained by applying first and second order multivariate chain rules to the composite function g (h (x, ǫ p )).
The structure of these derivatives is similar to (36) and (37):
∀i ∈ {1, . . . , n y } , j ∈ {1, . . . , n x } , k ∈ {1, . . . , n x }
The Taylor series
Next, we express the unknown policy functions as sums of N order Taylor series and M order Taylor errors:
whereĝ andĥ are the Taylor series, and ζ G and ζ H are the Taylor errors. Note that h approximates the first n 1 x rows of h (denoted earlierh), because the other rows are known functions. For the case N, M = 2, 1 we get:
Here,ĝ andĥ have the same order and the same center, but in principle the orders and the centers may differ.
To calculate (38) we need the derivatives of g and h with respect to x up to order N. For the case N = 2 differentiating (41) and (42) twice yields:
where the derivatives ofĝ andĥ in tensor notation are:
ijk and the derivatives of ζ G and ζ H are:
The last required expressions are g p , g 
Evaluating the system and applying least squares
We are now in a position to evaluate (34) at x 0 . For the case N = 2 the system has n f (1 + n x + n 2 x ) conditions. However, due to symmetry of mixed derivatives, the number of unique conditions is only n f (1 + n x + .5n x (n x + 1)). This is also the number of unique elements in the first three coefficient tensors
Thus, the dimensions of the problem are reduced by extracting the unique conditions of the system and the unique elements of the coefficient tensors. 6 This speeds up the solution algorithm, because the size of the Jacobian is smaller. It also contributes to the accuracy of the solution by imposing symmetry on the coefficient tensors.
Symmetric tensors occur repeatedly in this context, because the system conditions and the Taylor coefficients are symmetric derivatives. In general, the number of unique elements in a symmetric tensor with k dimensions and n k elements is the number of k unique combinations from the set {1, 2, . . . , n} with repetitions. . It follows that in order to get an identifiable problem, the system should be evaluated at I distinct points close to x 0 , where:
The unique elements of tensor T that is symmetric in its i 1 , i 2 , . . . , i n dimensions are defined as the elements that satisfy i 1 ≤ i 2 ≤ . . . ≤ i n .
7 Namely, combinations such 1, 2, 2, 3 are allowed and considered identical to 2, 1, 2, 3.
With equality the system is exactly identified, provided that I is an integer. For M = 0 the system is exactly identified for I = 1.
To obtain the solution, a least squares procedure is applied. Since this is a nonlinear least squares problem, a good initial guess is required. The next section discusses this issue.
Initial guess
If the model has a deterministic steady state, then a good initial guess is always available. Other cases require to apply general methods, see Judd (1998, p. 176).
Let x ss denote the deterministic steady state, provided that it exists. An initial guess can be obtained in one of three ways. The simplest way is to calculate a perturbation solution around a deterministic steady state and use it as an initial guess for x = x ss . This can be a good initial guess in many applications. However, if the stochastic model is significantly different from its deterministic version, perturbation methods may not provide a sufficiently good initial guess. In these cases there are two alternatives.
The first option is to add an an exogenous state variable σ t such that the evolution law of the exogenous variables becomes:
Here, σ t plays the same role as a perturbation parameter. When σ t = 0 the model is deterministic, and it stays at the steady state when 
where β and δ are the time discount rate and the depreciation rate, respectively, and u c and u l are the marginal utility from consumption and labour, respectively. (55) is the Euler condition, (56) is the labour supply condition, and (57) is the resource constraint. Together they form the function f in (27). For a proper performance of the least squares algorithm, it is important to transform f into a unit free form.
The state variables are k t and z t , where k t is predetermined and z t is exogenous.
The evolution of z t is given by:
where
. This is the function Φ. The control variables are l t and c t .
The mapping of these variables to the model notation is
and Φ = ρz t + ǫ t+1 .
I study two versions of the model. The first version is the case of logarithmic utility, full depreciation and fixed labour supply (τ = 1, θ = 1, δ = 1). This case has a closed form solution, so the approximated Taylor coefficients can be compared to the true Taylor coefficients. The second version uses two alternative sets of parameters that are studied in Aruoba et al (2006): a benchmark calibration and an extreme calibration (see Table 2 ). For these calibrations, accuracy is measured by the unit where the solution at x ss serves as the initial guess. This way, the model is solved successively at adjacent points.
To measure accuracy, a 50 × 50 rectangular grid is constructed around the deterministic steady state. 10 The model is solved at all nodes, and the difference between the true Taylor coefficients and the approximated coefficients is calculated for each node. Table 3 presents the log 10 of the maximum absolute error across all nodes and all policy functions. The results are presented for each order of coefficients, separately. For instance, column (2) presents the error of the constant terms of the Taylor series, columns (3) shows the first order coefficients and so on. Since the units 9 If one point is required, the system is evaluated only at c 0 . If I > 1 points are required, the system is evaluated at I points equally spaced on a line from c 0 − ν to c 0 + ν, where ν is a n x × 1 vector with all entries equal to 10 −6 . of the variables change across specifications, the meaning of the Taylor coefficients also change. To enable comparison across specifications, the table presents in the last column a unit free error, which is the deviation rate of the approximated policy from the true policy.
11
As expected, the approximation errors of the first specification are practically zero, given the computer rounding errors. This result serves also as an accuracy test for the matlab code used in this paper. 12 The second specification exhibits larger 11 Specifically, at each node of the grid the unit free error of capital is k approximate /k true − 1 and a similar error is calculated for consumption.
12 Another test was employed by solving equation (17) with the DSGE code and comparing the results to simple linear least squares.
reflect the information loss incurred by dropping the zero derivative conditions in N = 0 projections. Without these restrictions, it is difficult to estimate accurately the high order Taylor coefficients because the power functions are collinear. Nevertheless, the constant term, which is the parameter of interest, is approximated relatively accurately even for N = 0.
The Calibration of Aruoba et al (2006)
This section studies the calibration of Aruoba, Fernández-Villaverde and RubioRamírez (2006), which is presented in Table 2 . Two calibrations are considered. The first is the benchmark calibration which follows US data. The second is an extreme calibration where risk aversion is 25 times larger and technological innovations are 5 times more volatile. The extreme calibration is particularly challenging for applying Taylor projection, because the state of the economy can change significantly from period to period. As already explained, in this case the convergence assumption may not hold for all defining points, or alternatively, the speed of convergence may be low. Hence, the approximation errors are expected to be larger for this case.
The accuracy of the results is measured by the unit free Euler Errors defined by Aruoba et al (2006) . Substituting u c (c t , l t ) = θc
(1−θ)(1−τ ) on the LHS of (55) yields:
The advantage of this form is that the error is unit free and expressed in percent of Table 4 , where column (1) presents the benchmark calibration and column (2) 
Controlling Convergence
The fundamental requirement of Taylor projection is the convergence assumption (5). This assumption is likely to hold when the state variables change slowly so that all the defining points are located within a small neighbourhood. This property is affected by the way time is discretized. For instance, if t is a day then capital changes very little from t to t + 1. But when t is a decade, the small changes accumulate to large quantities, so that convergence may not hold. But even if the convergence assumption holds, the accuracy of Taylor projection depends on the size of the Taylor errors. These errors increase with the dispersion of the defining set. Hence, Taylor projection should be more accurate when time is discretized into shorter periods, because the defining points are closer to one another.
To demonstrate this point, I adjust the calibration of Aruoba et al (2006) to shorter periods. In the original calibration each period is a quarter of a year. To discretize time differently, lett ≡ t/T denote a new time period for some T > 1.
For instance, if T = 10 and t is a quarter, thent is 12 days. Throughout, I use ∼ to denote calibration witht periods. In this calibration, discount, depreciation and decay parameters are calibrated such that their cumulative effect after T periods is the same as in the original calibration:
The standard deviation of technological innovations is calibrated so that the unconditional variance of technology is held constant. The unconditional variance of z t is The results are presented in Table 4 . The table presents two time discretizations.
In columns (3) and (4) the time period is a tenth of a quarter (T = 10) and in columns (5) and (6) a period is a percent of a quarter (T = 100), which is roughly a day. The results are presented for the benchmark and the extreme calibrations.
Since the Euler errors are in percent of consumption, they are comparable across different time diescretizations. 14 As expected, the results are now much more accurate.
Comparison between columns (1) and (5) shows a remarkable increase in accuracy that in some cases amounts to two orders of magnitude. Particularly surprising is the high accuracy levels achieved in the extreme calibration. These results show that Taylor projection can be extremely accurate, with just a simple adjustment of the model calibration.
Computational Costs
The main advantage of the Taylor projection method is that it does not depend on a grid. The method enables to solve a DSGE model at any given point of the state space. This property reduces significantly the computational costs, compared to grid-based methods, because the model is solved only at points of interest. Table   5 presents the time required to solve the benchmark calibration in Table 4 The tradeoff is between calculating high derivative conditions (when N is large) and evaluating the system at multiple points (when M is large). For instance, Table   5 shows that T P (1, 2) was almost five times faster than T P (2, 1). Note also that raising M may reduce computational time, as in T P (1, 1) and T P (1, 2), because approximation errors are smaller, so the least squares problem is solved faster.
The programming costs of Taylor projection can be significant if N is large.
However, most of the programming costs are fixed costs, so a code that implements the method on one model can be easily adjusted to other models. To facilitate the use of Taylor projection, this paper provides a matlab package that produces all the necessary codes automatically. 15 The user has to define the model as in Schmitt-Grohé and Uribe (2004), choose the algorithm parameters (e.g. N and M)
and provide an initial guess. The package performs the algorithm and provides the approximated Taylor coefficients.
Conclusion
This paper presents a new solution method to DSGE models, called "Taylor projection". This method solves functional equations with multiple defining points, provided that the points are located within a small neighbourhood. The advantage of the method is that it does not depend on a grid and hence does not suffer from the curse of dimensionality. Consequently, computational costs are low because the model is solved only at points of interest. An interesting property of this method is that its accuracy depends on the model calibration. Specifically, accuracy is higher when time is discretized into shorter periods.
The main requirement for applying the method is the convergence assumption.
However, from a practical viewpoint, the speed of convergence also matters. It is shown that the results are more accurate when the policy functions have a structure that is closer to polynomial, and when the change in the state variables over time is more moderate. In these cases convergence is faster. A possible extension of the method is to use other basis functions with different convergence properties. For instance, Padé series may perform better than Taylor series, because their convergence properties are superior (Judd 1998) . This is left for future research. 15 The codes are available from the author upon request. (2)- (5) present the difference between the true Taylor coefficient and the approximated coefficient, for different orders. For instance, column (2) presents the errors of the constant, columns (3) presents the errors of the first derivatives and so on. For each order the table presents the log 10 of the maximum absolute error across a rectangular grid of 2,500 points around the deterministic steady state. To compare errors across specifications, use the unit-free error which is the deviation rate of the approximated policy variables from their true values. Aruoba et al (2006) . Columns (3)-(4) use a different calibration, where the time period represents a tenth of a quarter, and columns (5)- (6) calibrates time as percent of a quarter. The bounds of the grids for capital maintain the same ratio to the steady state capital level as in columns (1) and (2), and the bounds for technology maintain the same ratio to the unconditional standard deviation of technology. The maximum Euler error for perturbation solutions, finite elements, Chebyshev polynomials and value function iteration are taken from tables 5 and 6 in Aruoba et al (2006). The table presents the average time (in seconds) required to solve the model at one point of the state space, for the benchmark calibration. Average time is calculated by dividing the time taken to solve the model on the entire grid used in Table 4 column (1) by the size of the grid. The algorithm was implemented in MATLAB R2013a on a desktop computer with Intel(R) Core(TM) i3-2100 CPU, 3.10GHz, 4.00 GB RAM.
